We devised a novel procedure to identify human cancer genes acting in a recessive manner. Our strategy was to combine the contributions of the different types of genetic alterations to loss of function: amino-acid substitutions, frame-shifts, gene deletions. We studied over 20,000 genes in 3 Gigabases of coding sequences and 700 array comparative genomic hybridizations. Recessive genes were scored according to nucleotide mismatches under positive selective pressure, frameshifts and genomic deletions in cancer. Four different tests were combined together yielding a cancer recessive p-value for each studied gene. One hundred and fifty four candidate recessive cancer genes (p-value,1.5610
Introduction
A variety of approaches have been applied to the identification of cancer genes [1] . Procedures have been developed that allowed identification of genes causative of cellular transformation [2, 3] , and of complex processes such as invasiveness and metastasis [4] . In vitro and in vivo methods, using cellular or animal models, led generally to the discovery of dominant cancer genes, or oncogenes. On the other hand, tumor suppressors have been discovered mainly by molecular genetics approaches. Such is the need of identifying additional tumor suppressors, or recessive cancer genes, that new tests for loss-of-function continue to be developed [5] .
Many well-characterized cancer genes harbor somatic base substitutions or small insertion/deletions. For example, coding region frame-shifts and point mutations account for 75% of the somatic mutations in CDKN2A and TP53, two major tumor suppressor genes [6, 7, 8] . The oncogene B-raf, first described over 20 years ago, was also shown to be mutated in some human cancers [9] , alongside PI3K and some tyrosine phosphatases [10] . Meanwhile, other cancer genes have been discovered through the phenomenon of inherited predisposition. Familial cancer is rare in comparison to non-hereditary cancer, but a number of recessive genes have been identified using linkage analysis [11, 12] . Large scale super-family sequencing projects, i.e. the kinome and phosphatome projects, followed and showed that, although missense mutations are found in some members of these two superfamilies, they are not a common ground for somatic cancer mutations. Greenman and co-workers [13] undertook comprehensive sequencing of 518 protein-kinase-encoding genes in 210 cancers. Kinases have been implicated in many aspects of tumorigenesis and several have now been validated as targets for drug therapy [14] . In their analysis of the collection of cellular kinases, the kinome, Greenman et al. [13] identified 1,000 mutations. Mutations were relatively common in cancers of the lung, stomach, ovary, colon and kidney, and rare in cancers of the testis and breast, and in carcinoid tumors, which are usually found in the gastrointestinal tract. Tumors with defects in DNAmismatch repair harbored large numbers of mutations, whereas other types of tumor revealed no detectable mutations. To distinguish driver from passenger mutations, Greenman et al. used a statistical model comparing the observed-to-expected ratio of synonymous (no amino-acid change) mutations with that of non-synonymous (altered amino acid) mutations. An increased proportion of non-synonymous mutations implies selection pressure during tumorigenesis. Overall, they identified 158 predicted driver mutations in 120 kinase genes. In contrast to the recurrent mutations in BRAF in malignant melanomas [15] most kinase mutations identified across different tumor types were therefore single hits. More recently, Wood and co-workers [16] used a different strategy, but reached similar conclusions, with the complete sequencing of 20,857 transcripts from 18, 191 genes in a limited number of tumors (11 breast and 11 colon). The high number of automatically detected DNA mutations provided immediately the following question: how to identify from a potentially high number of sequence mismatches those that are causative of cancer pathogenesis. A series of subsequent filters revealed that most of them were silent (did not result in amino acid change) and a similar amount were single nucleotide polymorphisms (SNPs). The final number of mutations which were defined as truly somatic affected more than 1000 genes. Interestingly, few common driver mutations were identified among the kinase genes in these studies. This is consistent, for example, with the finding that only 1 out of 18 members of the PI3K family had somatic mutations in cancer [17] .
Interesting observations can be made from an accurate global study of the mutations reported in cancer. Futreal et al. [18] conducted such an extended census from bibliography indicating that as many as 299 genes contribute to human cancer. However 70% of these genes are associated with leukemias, lymphomas and mesenchymal tumors, which account for only 10% of cancer incidence. Furthermore about 75% of those genes are associated with translocations, and at least 90% of listed cancer genes are dominant at the cellular level (i.e. activated oncogenes, fusion oncoproteins). Nevertheless, it is generally recognized that the vast majority of germline mutations resulting in cancer predisposition are recessive [18] . Thus it seems likely that most of the cancer genes are recessive and remain still undiscovered.
For these reasons we devised a novel method for the identification of candidate recessive cancer genes from genomescale datasets. We applied our novel procedure to mine data from sequences and comparative genomic hybridizations. Our method takes account of the different gene inactivation modes, ranging from point mutations to whole gene deletions. The assumption underlying our investigation was that, by studying cancer genes from different mutational perspectives and combining the respective probabilities, sequencing noise and polymorphisms could be filtered out and bona fide recessive cancer genes would be identified.
Results

Harvesting candidate mutations from ESTs
In this paper, a novel method was applied to the identification of genes mutated in non-hereditary human cancers (Figure 1 ). The procedure gathered sequence information from the expression sequence tag (EST) database and an appropriate algorithm was tailored to extract information from ''low quality'' sequence data. The procedure analyzed more than 3610 9 nucleotides of human coding sequence in over 5,600,000 ESTs derived from both healthy and cancerous tissues and cell lines. ESTs are potentially very valuable for mutation studies since they represent cloned single alleles, but are also unverified sequences, with a high rate of sequencing errors [19, 20] . Therefore, in order to exploit the full potential of ESTs we had to develop a method for the detection of bona fide ''cancer'' mutations in a context of frequent sequencing errors or, at best, polymorphisms. Although previous work [19] attempted to evaluate sequencing error rate in ESTs, we followed an alternate route. Our procedure was based on the assumption that the rate of sequencing errors was constant for each human gene, at each nucleotide position. As a corollary, we assumed that the ''gene/position-specific sequencing error rate'' was constant across normal and cancer EST libraries. Since base composition, context and sequence are by definition constant within each different human gene, we believed these assumptions were safe. Only exceptions would be due to the tumors harboring DNA repair defects.
High sequencing noise was expected to be present in the heterogeneous EST database and cancer is a complex multifaceted genetic disease, therefore a single statistical test would not result in reliable selection of cancer genes. Furthermore, we wanted to focus on recessive genes, inactivated by the occurring events. Thus, to assay the different mutational modes of recessive cancer gene, we accordingly devised a number of mutational tests. The statistical tests were eventually combined to identify the genes that are often inactivated in cancer.
Starting from the RefSeq human mRNA repository, 27,184 sequences (defined Queries) were aligned to more than 5.6 million human EST sequences, from 7574 different EST libraries, for a total of almost 3.0 Gbases of coding sequence. BLASTs [21] were run for each query versus the ESTs and 3,839,543 successful alignments were produced (stored in the Alignments SQL table of the Cancer Mutome database) for 24,932 human queries (Stats  database table) . An average of 150 hits (high scoring pairs, HSP. or sequences) was produced for each query (human gene or splicing variant). The quality control of the BLAST alignments was of the foremost importance for our strategy. In order to minimize the mining of technical errors we defined a stringent threshold for alignment quality (expect#1E-21) and the low quality ends of alignments were discarded. All (43,965,904) nucleotide mismatches, and gaps/insertions, were recorded in the database Mutations table. Amino acid (AA) substitutions and premature stops (33,614,754 mismatches) were then selected from the alignments (AA_Mutation table) . To reduce the complexity, and the expected number of false positives, we decided to evaluate only those genes with a high number of mismatches (irrespective of the samples cancer status). A pre-processing based on inter-quartile range (IQR) was therefore applied and 8,972 genes (IQR higher than 0.5) were retained for further cancer mutation assays. These genes were sufficiently rich in putative mutations (mismatches) to fulfill the role of potential cancer gene candidates.
The first component of our strategy was the identification of genes harboring inactivating point mutations. We evaluated the Figure 1 . The rationale for selection of candidate recessive cancer genes. The diagram shows the steps in the procedure for the evaluation of mutation probabilities and the data flow towards the identification of candidate recessive cancer genes. Molecular data were extracted from public databases (dbEST and GEO at NCBI, and Stanford Microarray Database). A very large number of alignments (over 4.5 million) was obtained for over 24,000 human genes from BLAST analysis of 3 Gbases of EST sequences. The alignments were parsed to extract mismatches which were deposited in the Cancer Mutome local SQL database. The mismatches were then evaluated by specific procedures to associate mutational p-values to each human gene. In parallel, almost 20,000 human genes were assayed from 744 array CGH to define their propensity to deletion in cancer. The specific mutational p-values were combined to produce a recessive cancer p-value. A genome subset of 154 genes, among which TP53, PTEN, CDKN2A and CDKN2B were present, was selected (cancer p-value,1.5610 27 ). doi:10.1371/journal.pone.0003380.g001 point mutations according frequency, location, capacity to alter the amino acid sequence, and consequences on the reading frame. Our procedure was thus tailored to consider statistically all the above features of a point mutation.
Data mining for amino-acid substitutions and premature terminations
We defined pAA as the probability that a gene displays an excess of amino acids substitutions in cancer when compared to non cancer samples. pNSSR, instead, indicates the probability that the significant amino acids substitutions in the cancer samples are under positive selection pressure. To detect short range clustering of cancer mutations, common in cancer recessive genes, and to balance out noise, i.e. sequencing errors, we chose a paired t test coupled to a sliding window. We normalized the counts of the mismatches in the two classes, cancer and control, by using a gene specific and position specific factor. Null mismatch counts were adjusted to unity, prior to normalization. The normalization values were obtained, for each gene and at each nucleotide position, as the local ratios of the sequenced nucleotides in the cancer and control samples. The paired t test (cancer vs. control, paired for codons) was applied to a sliding window with a length of 25 codons. To perform a robust assay a codon was evaluated only when aligned at least 10 times in each class (cancer and control). Gene specific confidence limits for T scores where generated by bootstrap analysis and a threshold p-value of 0.05 was used to select the significant amino acid positions. For each human gene, a p-value (pAA) was finally associated to the sum of the peaks corresponding to the significant T scores. A sequence mismatch was recorded only once for each EST library.
An over-estimation of pAA could be due to passenger mutations, such as those produced by altered DNA repair systems, prevalent in some cancer. Since passenger mutations should be randomly distributed over the genome, an additional test was therefore implemented to refine the pAA. The ratio of nonsynonymous (NS) to synonymous (S) DNA mutations is a measure of the selective pressure during tumor progression, as synonymous alterations are unlikely to exert a growth advantage and will be selectively lost [17] . Furthermore, mismatches due to sequencing errors, as well as differential representation (cancer to normal differential expression), are all expected to be neutral with respect to the NS to S ratio. The codons significant for amino acid substitutions (p,0.05) were therefore assayed for positive pressure. As a proof-of-concept, the NS/S ratios in the TP53 mutated region were analyzed by paired t test (p,0.033, FDR = 0.092) and revealed higher values in cancer than in control. Thus we applied the NS to S ratio test to each gene, in cascade after that for the local mutation frequency (pAA) described above. Bootstrap was again used to define the p-values. The probability of a cancer protein having frequent amino acid changes (pAA) coupled to selective positive pressure in cancer (pNSSR), two events which are not independent, was defined as the average of the two respective p-values (pAA-NSSR).
Data mining for frame-shifts in cancer ESTs
Having defined for each human gene a p-value for causal amino acid substitutions in sporadic cancers, we needed a corresponding index for gene inactivation due to open reading frame shifts in exons. Cancer genes can be disrupted by micro-insertions ordeletions in their coding sequence, resulting in an altered primary structure. A genome wide survey of our mismatch database indicated that single nucleotide alterations were by far the most common insertions/deletions in ESTs. We indicated with pFrameshift the probability that a gene had an excess of frame-shifts, due to single nucleotide deletions/insertions in cancer, compared to control tissues. We tested the hypothesis that these mutations were frequent in cancer genes, by studying again TP53. Our assay showed that single nucleotide frame-shifts associated to cancer were non-randomly enriched in TP53. When looking for frameshifts induced by 1 nucleotide insertions/deletions, an analogous test to that for pAA was designed, as detailed in Experimental Procedures, to generate pFrameshift.
Identification of deleted genes in cancer by high resolution array comparative genomic hybridization
Cancer genes can be affected in their genomic structure by large amplifications and deletions. Recessive cancer genes are expected to be deleted or otherwise inactivated and this component must be included in our mutational model. We therefore assigned to each human gene p-values for deletion in cancer. To obtain such pvalues, we compiled data from high resolution comparative genomic hybridizations of 744 tumors into the GeoSoft database. We used array CGH (aCGH), obtained from GEO (NCBI) and SMD (Stanford Microarray Database), with sufficiently high resolution to distinguish the human genes (information for samples and datasets in supplemental Table S1 ). Each tumor sample was compared to a healthy control sample on a two channel oligonucleotide-based platform. The human genes were evaluated in each sample by using the normalized log2 ratio (tumor over control). Different probes related to the same gene were averaged. Gene symbols were used as keys to unequivocally identify a gene within and across platforms. Data were normalized according to the providers. As a pre-processing step we reduced the assay complexity by retaining only those genes with high variability (standard deviation of log 2 ratio.0.2). Then, for each gene we computed the percentiles of the log 2 ratios (only for genes measured in at least 300 samples). A gene affected by deletions in tumors would possess a low (negative) log 2 ratio 5 th percentile, while one with amplifications would display a high (positive) 95 th percentile.
Bootstrap analysis (random swap between the tumor and control channels) was used to simulate gene specific 5 th and 95 th percentiles. Then, gene specific p-values for deletions (pDeletion) were finally calculated as the percentage of simulated 5 th percentiles exceeding the real 5 th percentiles. At this stage, we had to take in consideration two phenomena, associated to aCGH but not linked to cancer: sex chromosomes and polymorphic structural copy number variations (CNVs). The control sample in aCGHs was frequently from male (more than 50% of aCGHs), while roughly half of the tumors were of female origin and thus lacked the Y-chromosome. Therefore the Y-chromosome genes were expected to appear as deleted, or better ''pseudo-deleted''. Conversely, we expected the X chromosome genes, except for those belonging to the pseudo-autosomal region, to appear as ''pseudo-amplified''. Genes located in the sex chromosomes indeed behaved correctly, as shown in detail for the pseudoautosomal region 1 (PAR1) in Xp22 (supplemental Figure S1 ). Polymorphic CNVs, from normal population variability and not linked to cancer, should also lead to large fold-changes, resulting in high 95 th or low 5 th percentiles. However, we expected that polymorphic CNVs, not associated to cancer, would not display significant pDeletion values. In fact their 5 th percentiles would not qualify as significant after the random swap simulation. CDKN2A and CDKN2B were identified as the most deleted genes in human cancers; PTEN, ATM, and TP53 were also identified as deleted (pvalues,0.001). Three thousand and three hundred seventy four genes were significantly deleted (p,0.001).
Combination of mutation analyses: the candidate recessive cancer genes Cancer genes are affected by different types of point mutations and of chromosomal alterations. We defined a candidate cancer gene as recessive when affected by mutations potentially leading to loss of function; i.e. when it was frequently mutated in its coding region and frequently altered in its genomic structure, in particular deleted. The combination of the different genome wide tests produced a p-value for recessive cancer genes. The recessive cancer gene (pRecessiveCancer) p-value was defined as the product of the three p-values (pAA-NSSR, pFrameshift, pDeletion). One hundred and fifty four human genes were included in the final candidate gene list after combinatorial mutation analysis was performed (pRecessiveCancer,1.5610
27
). The number of cancer recessive genes in a simulation by random association of the four mutation tests was of 60.5 (false detection rate of 0.39). The selection by the combinatorial approach appeared to be specific, since three classical recessive cancer genes, TP53 (16 th position), PTEN (92 nd ) and CDKN2A (135 th ) were detected. When we compared the candidate gene-set to the whole genome, no major bias emerged towards gene size and structural polymorphisms, as expected from a well-behaved statistical procedure. The recessive cancer gene sizes did not differ significantly from that of the whole human genome (supplemental Figure S2) . When we considered copy number variations, the cancer gene-set contained 15 polymorphic CNVs (15/154 or 10%) while 13.6% of all genes scored for pDeletion contained at least one CNV. This difference in proportion was not significant (p..0.05), suggesting that there was no false enrichment for CNVs by our method, as expected by the design of the algorithm.
Gene ontology and functional analysis
The mechanisms and functional pathways associated with the cancer recessive genes were statistically evaluated. The enrichment in Gene Ontology (GO) terms was assessed by using EASE, at http://david.abcc.ncifcrf.gov. The biological processes significantly affected in the cancer gene set are listed in supplemental Table  S2 . The significant GO terms grouped by EASE functional clustering were: ATP/nucleotide binding, cell death/apoptosis, cell cycle, mitochondrion, RNA binding, methylation, tumor suppressor, DNA metabolism and DNA repair (EASE enrichment score .2, EASE P-value,1610
24 , Benjamini p-value,0.01). A highly overlapping functional spectrum was obtained for the Cancer Census genes [18] . The most notable exceptions to the overlapping ontologies in the two cancer gene-sets were related to ''protein tyrosine kinases'', absent from the candidate recessive list. These proteins are one of the most represented classes of oncogenes, or dominant cancer genes. A functional classification similar to that of EASE was obtained with BinGO and Cytoscape (data not shown), where some of the most significant cellular processes identified were involved in cancer pathogenesis, such as cell cycle, cell death/apoptosis (corrected p-value,1610
23
). Finally, we generated a control set of human genes by random associating the p-values from the four mutation tests. When EASE and BinGO were applied to this control set no significant GO terms were identified.
Discussion
We devised and applied a multi-tier genome-wide data mining assay towards the identification of genes prone to ''recessive-type'' mutations in cancer. The p-values resulting from each tier were combined to produce a ''recessive cancer gene'' p-value (Table 1 and 2). Three of the most notable cancer recessive genes, i.e.
TP53, PTEN
among all tested human genes. The block diagram of our rationale and the data flow are shown in Figure 1 . The tests can be subdivided into two groups: one for detection of point mutations (amino acid substitutions and frame-shifts) and one for structural alterations (large deletions). In principle we could have also used a test for partial gene deletions, but in ESTs intra-gene rearrangements can be confounded with alternative exon splicing.
The probability of a protein having amino acid mutations and frame-shifts in cancer, events which are independent, was defined as the product of the respective p-values. Just using these two tests, the prototypical TP53 and PTEN cancer genes ranked 205 th and 233 rd out of 27,184 evaluated human transcripts (p-value,1610 24 ). Additionally, two other well-known recessive cancer genes, CDKN2A and CDKN2B, also had significant p-values, albeit lower rankings (p,0.0025 and FDR = 0.019, respectively). This behavior was expected for genes with small coding regions, which might be more commonly deleted than mutated [6] . Their presence in the significant point mutations cancer gene-set, even at this intermediate stage, reassured us of the selection capabilities of our algorithm. Nevertheless this early classification, based entirely on point mutations, was compiled only from two mutation tests; thus, relying on EST sequencing data, it was still not reliable according to our model which incorporated an additional mutation mode. It should be noted that we did not set to identify translocations, alterations expected to be dominant at the cellular level and therefore not suited to our quest for recessive genes.
The last test, based on aCGH analysis, confirmed that a very large portion of the human genome is frequently deleted in cancer. As expected for our 2-channels aCGH procedure, we correctly detected sex chromosome genes as differentially represented in the genome screens. In particular, owing to the resolution of our structural assay, the genes from the pseudo-autosomal region 1 were identified as normal diploid (supplemental Figure S1 ). Most importantly, we would expect that polymorphic CNVs had not filtered through the aCGH assay. Indeed, only a small percentage of cancer genes coincided with polymorphic CNVs and this percentage is even smaller than expected by chance ( Table 2 ).
The number of deletions detected by aCGH in the cancer genome is very high (more than 10% of human genes were deleted in cancer). Notwithstanding this deletion excess, when all mutation modes are included, the number of candidate genes is less than 0.5% of the analyzed human genome.
The cancer gene products are involved in biological processes such as cell cycle, DNA repair and apoptosis, in agreement with literature. The same functional terms are also associated to the genes in the COSMIC Cancer Census [18] . Strikingly, tyrosine kinases, dominant oncogenes, present in the Cancer Census, were absent from our cancer gene-set, in agreement with the selection for recessive genes.
Some strong limitations are inherent to our approach. It is unlikely that the recorded frame-shifts are polymorphisms, since they alter the primary structure of the gene products. Conversely, they might be very often results of sequencing errors. For this reason, we chose to filter out as much as possible the sequencing errors by using a paired t test over a sliding window. Another controversy might be related to the somatic character of the detected mutations. Since there are virtually no germ-line sequences corresponding to the tumor libraries in the EST database, there can not be any formal demonstration that the selected genes correspond to somatic mutation targets. We can not establish how many of the detected mismatches are real mutations, nor how many of them are truly of somatic origin. We could only attach to each human gene a p-value for the excess of mismatches with gene inactivating potential in cancer samples. The presence of TP53, PTEN and CDKN2A in the candidate gene-set and its functional characteristics, are evidences in favor of the hypothesis that we measured an excess of somatic cancer mutations. We will be able to refute this hypothesis by using various experimental protocols. On the other hand, it is possible that some of the candidate genes might bear germ-line mutations and thus constitute predisposition traits for cancer insurgence.
When we compared our results to those of the recently published massive sequencing project, some differences emerged. We used a larger amount of sequencing data, albeit of lower quality since we did not use second pass sequencing data. We obtained from dbEST a number of mismatches roughly 5 times higher than the genome wide sequencing screens. This excess could be due to the lower quality sequencing data in ESTs or the higher sensitivity of our approach compared to PCR based direct sequencing. Detection of under-represented mutations in often heterogeneous cancer biopsies can be a technical challenge for direct sequencing, but not for cloned ESTs.
ESTs were used in previous attempts to identify cancer related genes. Almost invariably these approaches were based on expression profiling, which in tumor samples is probably correlates and late events, among the steps leading to tumor development and progression. In a very different data mining effort on EST sequences in cancer, Qiu and co-workers [20] measured SNPtumor association. Their analysis was highly focused on single nucleotide mismatches, and restricted to known mutations described in the SNP database and present in at least 50 EST hits. They identified 4,865 SNP frequent in tumors (p,0.05), out of which 327 induced amino acid substitution (cSNP). Many major histocompatibility complex (MHC) class II molecules were present among these coding SNPs, while none was present in our recessive cancer gene-set. Most importantly, no landmark cancer genes, such as TP53, PTEN and CDKN2A were present within cSNPs. Finally, none of the SNP genes detected by Qiu et al. [20] were present in our candidate recessive cancer gene set.
The minute cancer recessive sub-genome (,0.5%) we identified might represent a milestone towards the identification of novel markers for early diagnosis and prognosis. Additionally, our mining strategy can be applied to the data which will be available upon the sequencing of cancer genomes [22] . Finally, our work might lead to a different equilibrium within the pool of cancer genes, currently unbalanced towards dominant oncogenes.
Materials and Methods
EST data mining
All human coding sequences were extracted from RefSeq mRNA database at NCBI (27,184 sequences). The dbEST database contained more than 5.6 million human ESTs (exceeding ) were not used. The coding sequences for each RefSeq entry were aligned against the human dbEST database by using BLAST. The Cancer Mutome MySQL database was populated with a total of 43,965,904 mismatches and gaps extracted from 3,839,543 alignments. Perl was used to develop all the scripts and implement the system. BioPerl was used for the BLAST procedure and parsing. BLAST parameters were set to default (expect = 1E-21) with the exception of recovering up to a maximum of 500 alignments for each query.
Detection of point mutations in ESTs
To attenuate the problem of high sequencing error rate in ESTs, our procedure retrieved candidate mutations only in the region of maximum nucleotide identity to the query. Our assumption was that an identical error rate was present in the two EST populations, those derived from the control and those from the cancer cells. Therefore the frequencies of mismatches due to sequencing errors are expected to be comparable across ESTs for the same genes. The mismatches were considered for subsequent analysis only when present in the internal sequence (not in the first or last ten nucleotides of the BLAST alignments). Mismatches were then evaluated for their capabilities of changing the amino acid residue in the correspondent codon. A single candidate mutation was considered only once for each dbEST library, to avoid bias due to RNA copy number. The 8972 human genes most variable for number of mismatches (IQR.0.5) were retained for further testing. Statistics for amino acid substitutions, non-synonymous to synonymous nucleotide exchange rate and frame-shifts were calculated for each human coding sequence. Gene specific confidence limits for the respective paired t tests were calculated by bootstrap analysis. The two bootstrap classes were composed by random extracting 1000 times, with replacement, cancer or normal status from the library classes [23, 24] .
In the first of three different measures, the frequencies of amino acid substitution were compared, for each gene in normal and cancerous tissues, by using paired t test over a 25-residues protein window. Normalization of mismatches for the control and cancer classes was attained by using a gene specific and local correction factor. The correction factor was derived by dividing the respective counts of ESTs in both classes at each nucleotide position of the query. The score assigned to each human RefSeq gene corresponded to the sum of the T scores values exceeding the gene-specific confidence limit (p,0.05) over the sliding window (i.e. the area of the peaks above the threshold). The second measure, linked to the amino acid substitution frequency consisted in the evaluation of the selective pressure for amino acids changes. This filter was implemented to separate causal from bystander mutations and to further diminish the effects of sequencing errors. The ratios of non-synonymous (NS) to synonymous (S) nucleotide substitutions within the cancer and normal ESTs were calculated for each gene. A paired t test was used to compare the cancer and normal NS/S substitution ratios at different codons. When the number of synonymous substitutions at denominator was null, unity was added to both numerator and denominator. Only the amino acid positions significant for frequency of substitutions (in the amino acid substitution test above) were evaluated here. The gene specific confidence limit at 5%, the p-values and the FDR were again computed by bootstrap, as described above.
A third measure on point mutations was relative to the frequency of frame-shifts, which can produce premature protein termination or other major alterations in primary structure. In a paired t test, analogous to that for the pAA, a 25-nt sliding window based procedure was applied to the number of frame-shifts induced in cancer by 1 nucleotide insertions or deletions. Longer DNA alterations were not recorded, and were extremely rare. The gene p-values for such frame-shifts in cancer were again computed by bootstrap and defined as pFrameshift.
ESTs P-value and false detection rate calculation
Procedures were devised for calculation of gene-specific p-values and false detection rates in each one of the described approaches. Bootstrap analysis was used to compute the adjusted probability that a human gene was affected in cancer but not in normal ESTs [23, 24] . The resampling test allowed us to define confidence limits for each different gene and to effectively tackle local issues such as DNA composition, CpG occurrence, and protein or gene length. For the point mutation analyses, the resampling procedure was performed only on the protein residues found to be above T threshold (p,0.05). A range of bootstraps were performed to choose the lowest number of resampling cycles yielding stable pvalues through a short gene list and 1000 cycles were found to be a satisfactory requirement. The ESTs belonging to cancer and normal classes were randomly subdivided to form two simulated classes with the same size as the original ones. The gene specific pvalue was defined as the frequency at which the resampling test scored equal or better than the real test. Null p-values were set to half of the lowest p-value in the respective simulations.
Detection of deletions in array CGH
744 comparative genomic hybridization arrays were studied (537 samples from GEO and 207 from SMD). All platforms were 2-channel based, data were downloaded as normalized values, and probes were indexed by gene symbol. Gene data and annotations were stored in the GeoSoft database. All normalized log ratios were converted to log2 ratios, with the cancer value at the numerator and the control value at the denominator. Pre-filtering of genes was performed on standard deviation, to exclude the genes which did not show high variation of their genomic profiles (std dev,0.2). Genes were scored when measured in at least 300 tumors. Deleted cancer genes were expected to have log 2 ratios lower than the 5 th percentile of the bootstrapped log 2 ratios; amplified genes log 2 ratios higher than the 95 th percentile of the bootstrapped values. Bootstrap analysis was used (10,000 random swaps of tumor and control channels) to obtain gene specific pvalues and confidence limits for deletion and amplification.
Point Mutation and aCGH combined p-values
Finally, the p-values obtained by the three different tests: pAA-NSSR, pFrameshift and pDeletion were multiplied together to compute the global pRecessiveCancer p-value. This p-value was used to sort the human genes by their propensity to bear mutations in cancer. One hundred and 54 genes were selected with p-value below 1.5610 27 . One hundred resampling cycles were performed by randomly associating p-values for each mutation test and yielded a false detection rate of 39%. EASE (http://david.abcc. ncifcrf.gov) and BinGO (Cytoscape plugin) were used for Gene Ontology analysis. Hyper-geometric test with Benjamini and Hochberg false discovery rate correction was used in BinGO [25] . Figure S1 Genomic structures are correctly identified by the aCGH protocol. Track analysis in UCSC Genome Browser of Xp22 Pseudo-Autosomal Region 1 (PAR1). The Pseudo-Autosomal Region 1 is correctly identified as normal (diploid) by the array CGH analysis, while the rest of X chromosome is reported, also as expected, ''pseudo-amplified''. The chromosome X genes 3 prime of PAR1 appear as amplified because their DNA copy number is higher than expected when compared to the respective average DNA copy number in the whole, mixed sex, tumour population. 
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